de desigualdad frecuentemente utilizados (e.g. Gini, Theil e índices de Atkinson) . Se demuestra que métodos usualmente utilizados para corregir la falta de respuesta en ingresos pueden sesgar de manera importante a los indicadores de desigualdad, si los patrones de no-respuesta supuestos por dichos métodos no coinciden con los existentes en los datos reales.
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I. INTRODUCTION
the measurement of income inequality plays a pivotal role in the assessment of economic welfare and should play a central role in the design and implementation of social policies. a primary input for the measurement of inequality is income data coming from household surveys. it is a well-documented fact that in such surveys errors occur in the measurement of income (atkinson et al., 1995, for instance) . Broadly speaking, two types of errors may exist: sampling errors, which are present when sampled households do not represent the population (because of a problem with the survey design itself or because a number of sampled households refuse to answer any question); and non-sampling errors, that are present when the information recorded for households is not accurate. in turn, two types of non-sampling errors may coexist. the first one is income underreporting, which occurs when people report incomes lower than the actual ones, while the other one is income nonresponse which is present whenever individuals refuse to answer income questions. While the former is associated with non-labour income, such as capital gains, rents and utilities, the latter is primarily associated with incomes from labour. the former can be relatively difficult to spot and correct (e.g. individuals earning rents cannot be distinguished from the rest, unless they declare that fact), while the latter is relatively easy to detect (individuals declare that they have worked but refuse to declare their earnings). the effect that income nonresponse has on inequality measurement is the central topic of this essay.
When a large proportion of individuals do not answer income questions the usefulness of household surveys as a tool to gather relevant information (to estimate inequality, for instance) is undermined. in many developed countries (e.g. Finland, sweden) there are other sources of information apart from household surveys (such as administrative or tax records) that can be either used to measure inequality or to correct household surveys when they contain a significant number of individuals not responding about their incomes, so that inequality coefficients obtained from them reflect the true distributional situation. But in a large number of countries (mainly developing ones) such sources do not exist or are as unreliable as the household surveys. administrative records, such as pension or retirement records, are incomplete, as only a portion of the population receive such benefits, whereas tax records are even less reliable, as tax evasion, especially on income taxes, is substantial. in most latin american countries, for example, where income nonresponse rates are well above 5% (e.g. chile, colombia, ecuador, Venezuela) and in certain cases are higher than 10% (e.g. argentina, costa rica, Honduras, panama), 1 no secondary sources are available to correct for such a high nonresponse. in these cases, and given the magnitude of this error, the first question that a survey analyst confronts, before any attempt to measure inequality is made, is what to do with individuals not responding to income questions.
the treatment of missing data in household surveys has been the main topic of an extensive literature, not only in economics but also in other social and nonsocial sciences (King et al., 2001; Briggs et al., 2003) . in this literature, a number of statistical methods that correct for item (and, specifically, income) nonresponse have been suggested and used. nevertheless, the specific question of how such methods affect inequality measurement has received significantly less (if any) consideration. Within the economic literature, comprehensive studies on household surveys, such as deaton (1997) , or on income inequality, such as atkinson and Bourguignon (2000 a) and silber (1999) , pay little attention to issues related to the effect that data quality, in general, and income nonresponse, in particular, has on inequality inferences. even though it is acknowledged that "observed monetary disposable income may give a biased representation of the actual income distribution of (monetary) income in a society" because of the existence of errors in the measurement of income (atkinson and Bourguignon, 2000 b, p. 27 ) no reference is made to how such biases should be removed when surveys are the only source of information (which is the case of a large number of countries) to estimate inequality correctly. nor do they try to quantify how biased inequality coefficients can be when the data is contaminated by income nonresponse.
this essay attempts to fill in this gap by analysing how inequality inferences can be affected by the use of different correction methods, under several patterns of income missingness (i.e. how nonrespondents are distributed across the income distribution). in this respect, the essay quantifies the biases that particular correction methods introduce in a number of well-known inequality coefficients (e.g. the Gini coefficient, the theil and atkinson indexes). Given the lack of secondary sources to infer the pattern of missingness in real data (a constraint usually faced in empirical studies), a simulation approach is used. the simulations consist in "contaminating" samples of workers that fully report their labour incomes from a particular survey, the argentinean permanent Household survey. it is thus assumed that, following several patterns of nonresponse, a number of workers do not disclose their labour income. then, a number of methods (e.g., deletion of cases with a missing income, ols and two-step regression imputation, hot-deck) are used to impute the missing incomes. Because the exact value of workers' labour incomes is known (as nonresponse is simulated from full-information samples), it is possible to compute "true" and 1 Feres (1998) , table 3. "imputed" inequality coefficients and assess the ability of the different methods to give unbiased inequality estimates. as is demonstrated, the use of inadequate methods to correct for income nonresponse can eventually produce biased inequality coefficients, which magnitude would depend not only on the correction method used but also on the inequality coefficient. a number of caveats applies. First and as was said above, income nonresponse is not the only measurement error in surveys and may not be the most serious one in terms of its impact on inequality measurement. income underreporting posses more challenges both in terms of its detection and in terms of its actual impact on incomebased statistics. nonresponse was chosen over underreporting because its correction is more frequent and more methods have been used to deal with it. in the simulations that follow, it is assumed that income non-response is the only measurement error present in the data. second, it is not the objective of this paper to provide the best possible method to correct nonresponse. instead, the objective is to assess the biases on inequality measures that methods frequently used to correct for nonresponse may introduce. third, the discussion that follows should be put into the context of using income (or, expenditure) as an imperfect measure of welfare (often the ultimate variable of interest). trying to measure incomes without errors does not overcome the issue of incomes being only an imperfect proxy for welfare, a multidimensional and complex concept (on this, see Kakwani and silber, 2008) .
the essay is structured as follows. the next section presents a discussion of the effects that different patterns of income nonresponse may have on income inequality coefficients. in section 3 several correction methods commonly found in the empirical literature are described. section 4 explains the simulations in the context of a particular survey, the argentinean permanent Household survey, while in section 5 the results of the simulations are presented and discussed. section 6 presents the conclusions of the essay.
II. MEASURES OF INEQUALITY AND INCOME NONRESPONSE
there is not a single best inequality coefficient to measure inequality for the simple reason that there is not a single dimension or aspect of inequality to be measured. one might be interested, for instance, in measuring the maximum income distance between the poorest and the richest individuals in a society or, alternatively, one might consider as a pertinent inequality dimension the extent of the income dispersion at a specific part of the income distribution (e.g. the lower tail). Furthermore, inequality coefficients may not only differ in how they consider descriptive aspects of inequality (e.g. the distance between the highest and the lowest income), but also in how they assess subjective or normative dimensions associated with ethical values and attitudes towards inequality itself. even inequality coefficients that describe objective aspects of inequality, such as the well-known Gini coefficient, have attached ethical dimensions (cowell, 2000) . the existence of a large number of inequality coefficients is thus justified: all of them take a particular aspect of inequality (e.g. the income dispersion at the lower tail of the distribution) and summarise it in a number, suitable to make income distribution comparisons possible.
For these reasons and following champernowne (1974) , four different inequality measures are used. the first one is the well-known Gini coefficient which, as demonstrated by champernowne (1974) , is sensitive to inequality around the mean of the income distribution (i.e. "inequality among the less extreme incomes"). the second is the theil index (a member of the family of General enthropy measures), which unlike the Gini coefficient is relatively more sensitive to income dispersion at the upper tail of the distribution (champernowne, 1974) . Finally, the third and fourth ones are versions of the atkinson index with inequality-aversion parameters equal to 1 (gives an inequality coefficient that is relatively sensitive to inequality at the top of the income distribution) and 2 (gives a coefficient relatively sensitive not only to dispersion at the lower part of the distribution, but also to the existence of extremely low income values).
Patterns of Income Nonresponse
income nonresponse occurs when individuals refuse to answer income questions in a survey. the reasons for such a refusal can be varied, although it is generally acknowledged that a strong motive is the fear of a negative fiscal reaction (e.g. the loss of a subsidy, more taxation) to the potential disclosure of income. the statistical relationship between the probability of not responding to income questions and the distribution of certain explanatory variables including the actual income of surveyed individuals is called the pattern of missingness or the pattern of income nonresponse.
let us arrange the survey data in a matrix M = {m ij }, i =1, …, n; j = 1, …, k, where i indexes individual data and j the variables collected for each individual. M can be partitioned into two sub-matrices: one full data matrix, M l , where all variables for each individual are fully observed, and a matrix M n-l , where income data (one of the columns of M) is missing for each individual. additionally, let Q = {q ij }, denote a n x k matrix, where q ij = 1 if m ij is observed and zero otherwise. the joint distribution of M and Q takes the general form
in expression (1), f ( | , ) Q M β β denotes the distribution of the pattern of missingness, and θ and β are vectors of parameters (Weeks, 2001) . the literature on nonresponse recognises that such a pattern can take three forms: a) missing completely at random (mcar): M l , the complete-case sub-matrix, is formed by a random sub-sample of M. the pattern of missing data cannot be predicted from any sample information, as it depends neither on the distribution of the missing data nor on the distribution of the observed data. in terms of
β β . in other words, the distribution of missing data does not depend on any explanatory variable (e.g. gender, age, educational attainments, etc.) nor on the value of the missing variable (income). a mcar pattern corresponds to one where the distribution of missingness is, for example, the same for males and females, for the different educational and age categories, etc. in this situation, such a distribution could not be predicted from the distribution of those variables. as King et al. (2001) point out this situation would be equivalent to one in which individuals decide whether to answer income questions or not on the basis of the flip of a coin. b) missing at random (mar): "if the conditional probability of the observed pattern of missing data, given the missing data and the value of the observed data (i.e., f l n l ( | , , ) Q M M − β β ), is the same for all possible values of the missing data such that f f Weeks, 2001) . in other words, the distribution of the missing data is conditional only on the distribution of the observed data. thus, the pattern of missingness can be predicted from the distribution of certain explanatory variables (e.g. gender, age, educational attainments, etc.) but is independent from the actual value of the missing variable (income). in this situation, for instance, missingness would be more frequent among males than among females, or would be associated with the age of the surveyed individuals. c) non-ignorable (ni) nonresponse: occurs whenever the distribution of Q depends on the actual value of the variable with missing cases (e.g. income). in other words, the probability of income being missing for a particular individual (e.g. the (l + k) th individual) depends on her actual income (y l+k ).
correction methods assume a pattern of missingness in order to impute missing incomes. if the pattern assumed by a particular correction method does not coincide with the actual one, incomes may be imputed with error. if this is the case, inequality coefficients will be estimated with error. in general, the magnitude of the error in inequality estimation will depend upon two factors: 1) for a given inequality coefficient (e.g. Gini, theil, atkinson indexes), the discrepancy between the actual pattern of income missingness and the one assumed by the correction method; 2) for a given correction method, the existing relationship between the aspect of the inequality considered by a particular coefficient (as explained in section 2) and the actual pattern of missingness.
the first factor refers to an issue which is usually highlighted by the literature: correction methods are relatively effective in producing accurate imputations only when the pattern of missingness they assume coincides with the actual one (e.g. Greenlees et al., 1982; little and rubin, 1987) . if this is not the case, any particular inequality coefficient (e.g. Gini, theil, atkinson indexes), disregarding the aspect of inequality they measure, will be estimated with error. the second factor, which is related to the specific characteristics of each inequality coefficient, has not been addressed before in the literature (as far as the authors know) and highlights the fact that inequality coefficients are sensitive to income dispersion at specific parts of the distribution (e.g. at the upper tail). if incomes are missing, for instance, at the upper tail, any correction method will have a larger impact on coefficients that are sensitive to income dispersion at that specific part of the distribution (e.g. the theil coefficient). thus, imputation errors introduced by correction methods will be reflected more importantly on coefficients that are sensitive to dispersion at the part of the distribution where missing incomes are being imputed.
Both factors are equally important and, when ignored, contribute to the distortion of the estimation and interpretation of inequality coefficients. in the next section, a number of correction methods are described. rather than listing all the methods proposed in the theoretical literature on missingness, a core of methods commonly found in the empirical literature on inequality is presented.
III. METHODS TO CORRECT FOR INCOME NONRESPONSE
there are basically two alternative ways that can be used to handle the income nonresponse problem: (i) the removal of cases with missing incomes from the sample; and (ii) the imputation of an income to them. the first alternative, the deletion of cases with missing income, constitutes the simplest way of handling this problem and, as such, has been widely used in empirical papers analysing income distribution in countries with high nonresponse rates (altimir and Beccaria, 1999; Gasparini et al., 2001, etc.) . it consists in removing from the original sample all the cases where incomes are missing and analysing the remaining complete-case sub-sample as if it were representative of the population. 2 the key assumption in this methodology is that removed cases are a random sub-sample of the whole sample or, in other words, that the pattern of missingness is mcar (as defined in section 2.1). if, in fact, this is the case, the deletion of observations with missing income does not introduce any bias in the estimation of inequality coefficients (as is shown in section 5). nevertheless, even in such a case this method implies the loss of valuable information related to other variables (e.g. age, educational attainment, type of job) that are discarded when individuals do not respond to income questions. in addition, the reduction of cases to only complete ones produces an overestimation of the confidence with which inferences are undertaken (King et al., 2001) . the performance of deletion is worse if the actual pattern of missingness is not mcar. With either mar or, especially, nonignorable nonresponse the deletion of cases with missing incomes produces biased estimates of income statistics (e.g. mean, variance; little and rubin, 1987; King et al., 2001 ) and of specific inequality coefficients (see section 5).
For the second alternative, the imputation of missing incomes, a number of different methods have been proposed. some of them are parametric (e.g. ols models and two-step regressions, maximum likelihood methods), assuming an underlying population function between income (the variable to be imputed) and a number of individual characteristics (such as age, gender, educational attainment, etc.), while 2 there are two types of deletion of cases with missing income. the first one is the simple removal of such cases from the dataset. the second one is the removal of cases with missing incomes and the reweighing of the remaining complete-case sub-sample to keep it representative of the population (see little and rubin, 1987). others are non-parametric (e.g. cold-deck, hot-deck). all of them assume a particular pattern of missingness in order to make imputations. in most empirical studies, assumptions on the pattern of missingness are untestable as there exists only one source of information for incomes (e.g. household surveys), so when they are missing there is no way of knowing what is the statistical relationship between the probability of them being missing and the explanatory variables (including income itself). in the literature reviewed only a few papers (Greenlees et al., 1982 , for instance) can exactly identify the actual pattern of missingness (as the authors have two datasets formed by the same households, one where all the variables are fully observed, and the other one with missing income cases).
the following are the main imputation methods found in this empirical literature: a) Standard OLS models: this method assumes the existence of an underlying linear population relationship between income (the variable with missing data) and a set of explanatory variables (e.g. gender, age, education, marital status) fully observed from individuals. after estimating such a relationship for the completecase sub-sample, the missing incomes are imputed using the estimated parameters from the complete-case sub-sample. 3 this method assumes that the pattern of missingness is mar or, in other words, that the distribution of missing incomes is conditional on the distribution of data observed for the set of explanatory variables and can be predicted from it. When this is the case, standard ols models produce unbiased estimates of the mean income though estimates of the variance are downward biased. the reason is that imputations come from a regression to the mean and do not reflect the actual variation in the distribution of y given M -1 . this makes standard ols models inappropriate for imputing missing incomes for the study of inequality, as this precisely requires accurate estimates of income dispersion. When the actual pattern of missingness is non-ignorable this method produces biased estimates of income mean and variance (Greenlees et al., 1982) . inequality coefficients may also be estimated with large errors (see section 5). despite its limitations, standard ols regression models have been widely used in the empirical literature. For instance, székely and Hilgert (2007) for 18 latin american countries, Gasparini (1999) and Gasparini and sosa (1999) in the argentinean case, larrañaga (1999) for chile, among others, use standard ols models to impute missing incomes. in all these cases, the authors do not have any additional information to infer the actual pattern of missingness, assuming that it is mar. 3 let us partition matrix M (as defined in section ) into two matrices: M -1 , a n x (k -1) matrix containing full information for the variables that form it (all variables but income); and y a n x 1 vector containing information on income. only a submatrix of y (the first l cases) is complete, while the remaining (n -l cases) are missing. standard ols models assume that the underlying population function is given by y M = + −1 θ θ ε , where ε is iid( , ) 0 2 σ . thus, this method consists in using the expectation
θ, where , where indicates that the expectation is taken using information available for the complete l cases (Weeks, 2001) . income nonresponse and inequality measurement 201 b) Random OLS models: this method is similar to standard ols models in its assumption of the underlying population relationship between income and a set of explanatory variables (e.g. gender, age, education, marital status) fully observed from individuals. unlike standard ols models, random ols models produce better estimates of the variance of the imputed variable (income) by adding a stochastic error to the equation imputing incomes. thus this method estimates a regression between income and a set of explanatory variables for the complete-case sub-sample (as standard ols models do). missing incomes are imputed using the estimated parameters in the complete-case regression plus a random error term that can be obtained from a normal distribution with a zero mean and a standard deviation equal to the standard deviation of the complete-case regression. thus, the (l + 1) th imputed value is ˆˆ, y e l l l
(e.g. standard error of the regression estimated on the complete cases). another option might be to randomly sample (with replacement) the observed residuals from the complete-case regression and use them as the random error term (Weeks, 2001) . like standard ols models, this method assumes that the pattern of missingness is mar (little and rubin, 1990).
c) Hot-deck: there are several variants for imputing missing values using this non-parametric method. the simplest one consists in partitioning the data into non-overlapping "cells" according to determined characteristics (e.g. gender, age, educational level, working sector) and allocating individuals (respondents and nonrespondents) to these cells. after this allocation is made, respondent individuals within each cell are chosen randomly and with replacement to "donate" their incomes to non-respondents in the same cell. this process can be applied once or several times to produce a set of values for each non-respondent. an appealing characteristic of this method is that it does not presuppose the existence of any underlying population function to impute missing incomes. the pattern of missingness assumed is mar, as it is presupposed that the probability of nonresponse may vary across cells but not within them. When the actual pattern of missingness is mar and the number of donors (i.e. respondent individuals) within each cell is large with respect to nonrespondents, the hot-deck gives unbiased estimates of mean income and variance (little and rubin, 1990) . alternatively, if the actual pattern of missingness is non-ignorable, the hot-deck produces biased estimations of mean and variance (Greenlees et al., 1982) . different variants of this method are used, for instance, to impute missing incomes in the us current population survey and by most oecd statistical offices (atkinson et al., 1995) . ruiz-tagle (1998) uses this method to impute missing incomes in the chilean household survey, Biewen (1999) uses it with German household data and Banks et al. (2002) use a hot-deck to impute financial wealth in Great Britain. some national statistical offices use variations of the hot-deck. For instance, the chilean statistical office uses the cold-deck, which instead of randomly sampling (with replacement) individuals to donate their incomes to nonrespondents, imputes the mean value of respondents' incomes within each cell to nonrespondents (ruiz-tagle, 1998). lillard et al. (1986) criticises its use in the us current population survey, finding it produces biased estimations of mean incomes, whereas paulin and Ferraro (1994) conclude that it is not possible to use hot-deck in the us consumer expenditure survey as the samples of this survey are too small for its effective use.
d) Two-step regression models: these models assume that incomes are reported only when the utility for individuals of answering income questions is positive. it is assumed that such an utility level depends on income, determining that the probability of answering income questions depends on income itself. in the first step of these models, a "reporting-decision equation", where a dependent dichotomous variable (i.e. to report income or not) is regressed on a set of explanatory variables, is estimated. in the second step, the decision made as to whether to answer or not the income questions is considered to impute incomes to nonrespondents. the models are as follows. incomes are observed only if X 2 2 β β + > u 2 0, with a probability of Φ( ) X 2 2 β β , where u N 2 0 1 ∼ ( , ) . there exists an underlying population function, relating incomes with a set of explanatory variables, of the form:
σ . it is also assumed that ( , ) u u 1 2 ∼bivariate normal ( , , , , ). 0 0 1
as it is discussed in Wooldridge (2002) , bivariate normality of the errors may be an overly restrictive condition and indeed, a normality assumption on u 1 is not even needed. two-step regression models are relatively frequent in selection-bias contexts (Heckman, 1979) and, in this case, can impute incomes without biases with a non-ignorable pattern of missingness. However, special care has to be put into their econometric specification, since it has been noticed that they may be highly sensitive to model misspecification particularly regarding the division of the total set of covariates into those being used in the first step (e.g. the "reporting-decision equation") and the second step (Weeks, 2001). paulin and Ferraro (1994) , for instance, criticise Greenlees et al. (1982) findings of a non-ignorable pattern of missingness in a us household survey and attribute such findings to an underspecification of the model. With a suitable model specification, they obtain a mar pattern of missingness and find that imputations using the two-step regression model produce biased mean income estimates. a number of empirical papers use these models to impute missing data. For instance, Biewen (1999) uses one to correct German data and Greenlees et al. (1982) and lillard et al. (1986) employ different two-step regression models on us data.
other correction methods have been proposed but are rarely found in the empirical literature due to the specific types of missingness they address. an example is VictoriaFeser (2000) , which analyses the robustness of estimates of parameters of an income distribution (e.g. parameters of a Gamma) when income data is contaminated due to the truncation of the distribution. in a simulation framework, she considers two imputation methods (a classical maximum likelihood method and a modification of m-estimator methods) and compares the performance of both methods, finding that the m-estimator model performs better.
IV. A SIMULATION EXERCISE
most of the empirical papers which estimate inequality from household survey data correct for income nonresponse without considering how the choice of an inadequate correction method affects the inequality measurement. the lack of administrative or tax data (or any other source of information other than household surveys) hampers any attempt to compare the methods' performances in producing accurate inequality estimates. Furthermore, in most of the cases, it is not even possible to be sure whether the inequality estimates are under or overestimated. Given the lack of information on both the effects of particular correction methods on inequality coefficients and on the pattern of missingness followed by the data, a valid option is to estimate bounds for the errors in the estimation of such coefficients when the data follows certain patterns of missingness. this can be done by using a simulation framework. 4 in such simulations, an income distribution can be artificially contaminated with a pattern of missingness and then corrected by any of the methods described in section 3. after doing that, any inequality coefficient (for instance, those described in section 2) can be estimated over the corrected distribution and compared with the ones calculated over the actual distribution. in this way, the effects of using different correction methods on the inequality measurement can be examined. this exercise is carried out here.
one option in performing this exercise is to simulate a general or theoretical income distribution using a standard density function (e.g., Gamma, pareto, singh-maddala, etc.), to contaminate it and to correct it using several correction methods. However, 4 simulations or counter-factual exercises are frequent in inequality analysis with contaminated data. to the aforementioned paper of Victoria-Feser (2000) , one can add cowell and Victoria-Feser (2001) where the authors artificially trim income distributions (at the top or at the bottom of the distribution) to test the robustness of partial welfare orderings to the presence of contaminated data at the extremes of the distributions. other papers using income distribution simulations are champernowne (1974 ), cowell and Victoria-Feser (1996 ), cowell et al. (1999 ) and cowell and Flachaire (2002 in the context of this exercise, one would have to simulate not only the income density function but also the density functions of all the variables related to income (e.g. age, gender, educational level) that are used by different correction methods (e.g. ols models, hot-deck) to impute missing incomes. a clear drawback of this option is that justifying all the assumptions required to construct the simulation exercise may interfere with the simple purpose of assessing the performance of the correction methods.
the other option would be to work with actual data on income and other variables (e.g. age, gender, educational level), gathered by a specific household survey. on such data, several patterns of missingness (e.g. mcar, mar, non-ignorable) can be simulated. after doing this, missing incomes can be imputed and inequality coefficients estimated using both true and corrected incomes. the main advantage of this option is that it allows us to concentrate directly on the relationship among patterns of missingness, correction methods and inequality measurement, without worrying about modelling issues. this is achieved, however, at the cost of making the analysis and the results specific to the type of data used as inputs for these exercises. this cost can be made less onerous if several different data sets (i.e. for the same country but for different years or for different countries) are used.
in this essay, we follow this last option by using data from the argentinian permanent Household survey (henceforth, pHs). this choice is made on several grounds. First, the pHs is the only source of information in argentina which can be used to measure income inequality. there are no other sources (e.g. administrative data, tax records) which can be used to infer missing incomes, to correct for data problems, or to speculate about the actual pattern of missingness existing in the pHs. second, the pHs is one of the surveys with the highest income nonresponse rates in latin america, a region with particularly low standards in statistical information (Feres, 1998; székely and Hilgert, 2007) . in this respect, to work on the pHs is to consider a survey where, given the magnitude of the nonresponse rate, the missing income problem cannot be ignored in the course of studying inequality.
the data used in this exercise are samples of wage earners, who report their labour incomes and other relevant variables (e.g. age, gender, educational level, etc). Wage earners have been selected (instead of entrepreneurs or the self-employed, for instance) as they constitute the largest labour category (approximately 3000 observations per survey) and the one less subject to income fluctuations. two years, 1995 and 1998, have been chosen. Both these years were years of relatively high inequality in reported incomes and both were years of average income nonresponse. three patterns of missingness have been simulated: a) a mcar process, where all the individuals in the sample have the same probability of being chosen as nonrespondent individuals. this process is simulated by drawing random numbers from a uniform distribution and assigning them to each individual in the sample. then, if the intention is to consider, for instance, a situation where 12% of the sample have missing incomes, individuals with random numbers higher or equal to 0.88 have their incomes deleted.
b) a non-ignorable nonresponse process, where only individuals located at the lower tail of the actual income distribution face the same probability of being chosen as nonrespondent individuals. to generate cases with missing incomes, random numbers drawn from a uniform distribution are assigned to each individual at the lower tail of the distribution. if, for instance, it is simulated that 12% of the cases in the sample have missing incomes, random numbers are drawn for the lowest 24% incomes and then half of them are randomly deleted. this procedure is adopted to avoid truncating the income distribution. c) a non-ignorable nonresponse process, where only individuals located at the upper tail of the actual income distribution face the same probability of being chosen as non-reporting individuals. the process of generating cases with missing incomes is similar to the one described in b).
regarding the magnitude of income nonresponse, two scenarios have been considered. in the first one, it is assumed that 7% of the population does not answer income questions. the second one assumes that such a share is 12%. the actual proportion of wage earners not responding to income questions in the pHs during the last decade has oscillated between 7% and 12%. thus, the first scenario can be regarded as a low income nonresponse scenario, in the context of the argentinian pHs, while the second can be considered as a high income nonresponse scenario. all simulations (i.e. patterns of missingness) in both scenarios have been replicated 100 times. in each of the 100 rounds of each of the simulations, the data is contaminated (deleting incomes of certain individuals, as described) and the different correction methods are applied. this means that 2400 sets of imputations have been done for each year (100 sets for 4 correction methods, under 3 patterns of missingness for 2 scenarios). For multiple imputation methods (e.g. hot-deck) this implies producing 500 complete datasets (if, as is done here, 5 datasets per simulation are produced) per year/simulation/scenario. an important caveat of this simulation exercise is related to the decision of assuming that missingness occurs at both ends of the income distribution. it has to be recognised that nonresponse patterns existing in actual data are probably more complex than these simulated here. However, these simulations illustrate the effects that missingness can have on inequality measurement (under two extreme forms of missingness). in addition, they show how the choice of a particular correction method (and the inequality coefficient) may affect such a measurement.
The Correction Methods
Five correction methods, described in section 3, are used in the simulations. the first one is the deletion of cases with missing incomes. no re-weighing of the remaining complete-case sub-sample is done after the deletion and inequality coefficients are calculated using such a sub-sample (containing only individuals with full information on labour incomes).
the second correction method used is a standard ols regression model. First, the following standard ols regression is estimated from the complete-case subsample: 
where w i is the log of the hourly wages and the independent variables are age, squared age, marital status, gender, two dummies for educational attainments (educ1 equal to 1 if the individual has up to secondary incomplete, and educ2 equal to 1 if she has up to tertiary education incomplete), skill category (non-skilled and skilled), tenure at work, size of the firm, a dummy for receipt of social benefits and a set of ten dummies for different economic sectors (k w ), respectively. missing incomes are imputed using the α i parameters estimated running regression (2) to impute labour incomes for individuals who are simulated as not reporting them: 
the third correction method used is a random ols model. as described in section 3, this method is similar to a standard ols model but it adds a stochastic error in the imputation step. thus, this method estimates equation (2) but imputes missing labour incomes using: 
where variables are as in equation (2) and ê j is a stochastic term obtained as a random draw from a N 0,σ σ l 2 ( ) , where σ σ l 2 is the variance of the regression error (estimated from equation (2)).
the fourth correction method is the hot-deck. the variables used to construct the cells to resample from are gender, marital status (single or not), age (four categories: 15-25, 25-40, 40-65 and over 65) and education (incomplete secondary education, incomplete university education and completed university education). it is not possible in this exercise to use a larger number of categories because of the reduced sample size. Having more categories would imply having cells with an insufficient number of individuals to act as "donors" for missing cases. to partially compensate for this limitation, a multiple-imputation hot-deck is adopted. thus, once cells are constructed, sets of five imputed incomes are assigned to each nonrespondent individual. as King et al. (2001) explain, "multiple imputation involves imputing m values for each missing item and creating m completed data sets. across these completed data sets, the observed values are the same, but the missing values are filled in with different imputations to reflect uncertainty levels." it can be demonstrated that m can be as low as 5 to obtain efficient estimators (ibid., p. 56). each of these five imputations are incomes donated by reporting individuals (with replacement) within each cell.
Finally, the fifth correction method considered to impute missing incomes is a two-step regression model (à-la-Heckman). the first step estimates a "reportingdecision equation" over the entire sample of individuals: 
+ + δ
where z is a dichotomous variable (0 for individuals not reporting income; 1 for individuals reporting income) and the explanatory variables that influence such a decision are individuals' age, gender, marital status, educational attainments (educ1 and educ2, as defined for equation (2)) and the number of hours worked per month (hours). the second step estimates a wage equation corrected by the decision of not reporting to impute labour incomes for those not reporting it: 
where variables in equation (5) are defined as in equation (2). 5 as there are a relatively large number of different variables in the two equations, multicollinearity in the second stage are avoided. moreover, by including the number of hours worked in a month in the first stage but not in the second, issues of identification are controlled. theoretically, the number of hours worked in a month may affect the decision of reporting income (for instance, individuals may want to conceal their incomes if they are high, which is conditionally affected by the number of hours worked in a month) without affecting the hourly wage. the parameter showing selection bias (λ in section 3) is strongly significant in all the estimated cases. after missing labour incomes are imputed (or individuals with missing incomes are deleted from the sample) four inequality coefficients are calculated for each simulation: the Gini coefficient, the theil index, and the atkinson index with e = 1,2. additionally, another measure that considers errors in the imputation process is estimated in each case. it is the mean absolute percentage error (henceforth mape) and is defined as: 
MAPE
where n -l is the number of cases with missing income, y i,true is the true income of individual i whose income is simulated as missing and y i,imp is the imputed income obtained from the correction method used. this measure would be zero when a method imputes exactly the actual income values and would grow as imputed incomes differ from the actual ones. it should be noticed that because imputation errors are expressed in percentage terms it is likely that mape are higher when incomes are missing at the lower tail of the distribution. thus, mape should be compared across correction methods within each simulated pattern of missingness (e.g. incomes missing at the lower tail of the distribution) but not across them.
V. THE RESULTS
tables 1 and 2 present the ratio between inequality coefficients obtained after imputing using the correction methods presented in section 4.1 and the actual inequality coefficients, when income data is mcar. the two-step regression is not considered, as this method reduces to a standard ols model when income is mcar (by definition -see section 2.1 -under mcar no variable can explain the decision of not reporting labour income). table 1 shows the first scenario (proportion of income missingness equal to 7% of the total population), while table 2 presents the results for the second scenario (proportion of income missingness equal to 12% of the total population).
Both tables show that when income is mcar most correction methods provide accurate estimations of the several inequality coefficients considered. statistically, only inequality coefficients obtained after applying the standard ols model are significantly lower than the actual ones, whereas inequality coefficients obtained after using the random ols model are significantly higher than the actual ones (in all cases except for the theil coefficient). as explained in section 3, the standard ols model produces downward-biased estimations of the standard deviation of the variable being imputed, which in turn produces biased inequality estimations. a lower income standard deviation has an effect on all the inequality coefficients, though some of them are more affected than others. For instance, the theil coefficient (part ratios between inequality measure after imputing and the actual one (true distribution). a value higher than one implies an overestimation of the true inequality level, whereas a value lower than one implies an underestimation of this level.
Figures in italics are statistically non-significant (95%).
B of tables 1 and 2) and the atkinson (e = 1) index (part c of tables 1 and 2) are more affected than the Gini coefficient and the atkinson (e = 2) index (parts a and d of tables 1 and 2, respectively), as income is relatively more dispersed at the upper tail of the income distribution, which means that income dispersion in that part of the distribution, after imputing with the standard ols model, will suffer the largest underestimation. accordingly, inequality coefficients which are sensitive to income dispersion in that part of the distribution, such as the theil and the atkinson (e = 1) indexes will be the most affected. using the random ols imputation method corrects that underestimation.
From the perspective of a policy-maker or an analyst, all these methods produce relatively good estimations. even standard ols estimates for the Gini are less than 3% lower than the actual ones (see table 2, part a) and for the theil coefficient are around 5% lower than the actual ones (table 2, part B). in the case of the atkinson indexes, standard ols produces estimates which are 3% and 1% lower than the actual ones, when e = 1,2, respectively (table 2, parts c and d).
another perspective on the performance of the correction methods is obtained by looking at their mapes (as defined in expression (6)). part a of table 3 shows the mapes for the first scenario (7% of missingness), while part B shows the mapes for the second one (12% of missingness). Because income data is randomly missing (from all parts of the distribution) there is no difference across scenarios in the imputation errors introduced by the methods and, consequently, mapes for every method are similar across scenarios. Both scenarios show that deleting produces the highest mape (around 95%-120%) and that the standard ols model produces the lowest ones (as it minimises the squared imputation errors), of around 47%. Because the random ols model incorporates a stochastic term (ê j in equation (4)), its mape is higher than the one for the standard ols model, though still considerably lower than the one for deletion.
Incomes Missing at the Lower tail of the Distribution
tables 4 and 5 show the ratio between inequality coefficients after imputing missing incomes and the actual inequality coefficients when incomes are missing only at the lower tail of the income distribution. unlike the mcar case, inequality coefficients experience large variations across methods and scenarios (e.g. 7% and 12% of income missingness). in general, they are underestimated for all correction methods (described in section 4.1), the two-step regression model being the only exception, which for certain inequality coefficients (e.g. the Gini) produces very accurate estimations, while for others (e.g. the atkinson indexes) overestimates true inequality. the random ols model also produces an overestimated atkinson (e = 2), though the magnitude of the overestimation is smaller than in the two-step regression case. ratios between inequality measure after imputing and the actual one (true distribution). a value higher than one implies an overestimation of the true inequality level, whereas a value lower than one implies an underestimation of this level. (*) 7% of missingness implies that the missing incomes are located at the lowest 14% of the distribution.
deleting cases with missing incomes is a bad choice when such a missingness occurs at the lower tail of the distribution. For instance, deletion produces Gini coefficients that are almost 7% below the true ones (table 5, part a). in the case of the theil coefficient (as explained in section 2, a measure sensitive to dispersion at the top of the distribution), such underestimation can be almost 12% (table 5, part B). regarding the atkinson (e = 1,2) indexes, deleting cases with missing income produces an underestimation of up to 13%. similar results are obtained when the hot-deck is used.
in general, parametric imputation methods, such as the standard and the random ols models and the two-step regression, produce relatively more accurate estimates of inequality coefficients. imputing missing incomes using a standard ols model produces Gini coefficients that are inferior to the original ones, though the underestimation is lower than the one produced by deletion or the hot-deck: when the proportion of missingness is 7%, such underestimation is around 2% and increases to 3% when the proportion of missingness rises to 12%. in the case of the theil coefficient, the underestimation is around 5%, when the proportion of missingness is 12% (table 5, part B). While the atkinson (e = 1) index displays similar results to the theil coefficient, ratios between inequality measure after imputing and the actual one (true distribution). a value higher than one implies an overestimation of the true inequality level, whereas a value lower than one implies an underestimation of this level. (*) 12% of missingness implies that the missing incomes are located at the lowest 24% of the distribution.
the atkinson (e = 2) index shows almost no difference from the actual one. the random ols model slightly improves estimations of the Gini, the theil and the atkinson (e = 1) index. in the case of the two-step regression imputations, the Gini coefficient is accurately estimated, while the theil coefficient shows a maximum overestimation of 3% (table 5, part B). atkinson indexes are overestimated in all cases and such overestimation can be as high as 18% (table 5, part d). two important conclusions can be extracted from these results. the first one, related to each method's characteristics, is that parametric methods, such as standard and random ols models or two-step regression models, generally produce more accurate inequality coefficients than hot-deck and deletion, when incomes are missing at the lower tail of the distribution. such methods have a higher probability of imputing incomes lower than the actual ones than, for instance, the hot-deck. on average, the hot-deck imputes lower incomes in only 5% of the cases, whereas that figure is close to 30% in the case of the standard ols model and close to 45% in the case of the two-step regression model. to impute an income which is lower than the actual one means that any of the four inequality coefficients considered here will show a rise in inequality (of different magnitude, according to the coefficient). thus, methods that impute a larger proportion of incomes lower than the actual ones will result in higher inequality coefficients. While for some coefficients that are relatively sensitive to dispersion at the lower part of the distribution, such as the atkinson (e = 2), the imputation of lower incomes produce strong increases in inequality, eventually leading to an overestimation of it (see part d in tables 4 and 5), for others, which are relatively less sensitive to lower tail dispersion (e.g. the Gini coefficient), this effect is less important (see part a in tables 4 and 5). the second conclusion, related to each inequality coefficient's characteristics, is that coefficients that are relatively sensitive to income dispersion at the lower tail of the distribution show the largest variations in relation to the adoption of different correction methods. let us compare, for instance, the results for the atkinson (e = 1) index (part c of tables 4-5) and atkinson (e = 2) index (part d of tables 4-5). the results show that the effects of the correction methods are larger in the case of (e = 2). For instance, table 4 shows that while the range of estimates for the atkinson (e = 1) index reaches 15 percentage points (comparing deletion and two-step regression), it reaches more than 25 percentage points in the case of (e = 2). this is a consequence of the coefficients' sensitivity to dispersion at the lower tail, which is differently affected by the distinct methods. thus, the use of the hot-deck, for instance, increases dispersion at the lower tail and that affects all the coefficients, but it affects relatively more the atkinson (e = 2), which shows the largest variation.
as these simulations show, inequality coefficients can have very different values, depending on the methods used to impute missing incomes. naturally, the assessment of the true inequality situation (and related concepts, such as poverty or economic welfare) is, under these conditions, a difficult exercise. inequality evaluations made on the basis of the Gini coefficients, for instance, may differ by up to 7 percentage points if we delete individuals with missing incomes or impute their incomes using a two-step regression model (table 5, part a). For the other inequality coefficients, such a discrepancy is even larger. in all cases, the inequality panorama will be highly dependent on the correction method applied, with the additional fact that no method assures the obtaining of accurate inequality coefficients. But even if it is known that a particular method produces accurate estimations of overall inequality extreme cautiousness should be exercised, for instance when analysing inequality more deeply (i.e. sub-group inequality analysis). the results in table 6 (mapes for all correction methods) show that even when global inequality measures may be accurately computed, individual incomes are not. For instance, when the two-step regression model produces good inequality estimates (e.g. the Gini and the theil index in table 4) the imputation errors introduced on average and in absolute values are almost 70% of the actual values. can a policy-maker worried by the level of income inequality (or poverty) dismiss the fact that some of the lowest incomes are imputed with a substantially higher (or lower) income, artificially improving (or worsening) their condition (for instance, by placing some of them above the poverty line and, for others, increasing the poverty gap)? even if the overall inequality level is correctly estimated, any social policy aimed at the lower income groups will miss a substantial and relevant portion of (nonrespondent) individuals because of the particular imputation method chosen. 
Incomes Missing at the Upper Tail of the Distribution
tables 7 and 8 show that when incomes are missing at the upper tail of the distribution, the correction methods considered here produce underestimated inequality coefficients in all the cases. two facts can explain this result. the first one is related to the characteristics of income distributions: since income dispersion at the upper tail of the distribution is relatively higher than anywhere else in the income distribution, correction methods that tend to reduce that dispersion, such as standard ols models, will also reduce inequality coefficients. the second fact is related to the simulation exercise undertaken: to have incomes missing at the upper tail of the distribution implies that imputed values would tend to be lower than the actual ones, as the correction methods applied here (parametric ones, such as the ols models, or non-parametric ones, such as the hot-deck) use respondent incomes, generally lower than those missing, as a basis to impute incomes. this, in turn, will determine that most inequality coefficients (certainly the ones considered here) will be lower than the actual ones. the particular reaction of each inequality coefficient will, again, depend on the sensitivity of each coefficient to income dispersion at the upper tail of the distribution. ratios between inequality measure after imputing and the actual one (true distribution). a value higher than one implies an overestimation of the true inequality level, whereas a value lower than one implies an underestimation of this level. (*) 7% of missingness implies that the missing incomes are located at the highest 14% of the distribution.
correction methods such as the hot-deck, the two-step regression or the random ols model perform better as they introduce relatively more variation in imputed incomes than, for instance, the standard ols model. table 7 shows that the hotdeck, for instance, produces the most accurate estimations in all cases. However, it still underestimates the Gini coefficient by 7% (see part a), the theil coefficient by 11% (part B), the atkinson (e = 1) by 10% (part c) and the atkinson (e = 2) by 7% (part d). the random ols model and the two-step regression both produce similar estimates, underestimating the Gini by 9%, the theil by around 17%, the atkinson (e = 1) by 13% and the atkinson (e = 2) by 8%. Finally, the deletion and the standard ols model produce the least precise estimates. in the case of the Gini and the atkinson (e = 1), the underestimation introduced by these methods is around 12%. in the case of the theil index, the deletion underestimates the true theil by around 19%, while the standard ols does it by around 22%. For the atkinson (e = 1), the underestimation is 16% for the deletion and 17% for the standard ols model. ratios between inequality measure after imputing and the actual one (true distribution). a value higher than one implies an overestimation of the true inequality level, whereas a value lower than one implies an underestimation of this level. (*) 12% of missingness implies that the missing incomes are located at the highest 24% of the distribution.
presented in table 7 (with 7% of income missingness), for other methods, such as the hot-deck, the random ols or the two-step regression, the results are more accurate than those presented in table 7. thus, the two-step regression, for instance, underestimates the Gini coefficients by around 3% only, the theil coefficients by 5-8%, the atkinson (e = 1) by 3-5% and the atkinson (e = 2) by 2-3%. the reason for this lower underestimation, when the proportion of income missingness increases, is related to the way that simulations are carried out. a low percentage of income missingness means that only very high incomes will be missing (i.e. if we simulate 7% of income missingness it means that only the top 14% of the actual incomes have a positive probability of being missing). on the contrary, a higher percentage of income missingness means that a larger area of the income distribution will be affected by the contamination (i.e. an income missingness of 12% means that the top 24% of the actual incomes will have a positive probability of being missing). that will imply that, as the proportion of income missingness increases, not only will very high incomes be affected by missingness but also incomes located around the mean of the distribution. incomes at the middle of the distribution do have different characteristics from incomes located at the top, especially regarding dispersion, as they are relatively more concentrated. thus, when incomes are missing not only at the top but also in the middle part of the distribution we have the result that certain imputation methods (e.g. the hot-deck and the two-step regression) produce two effects: one, by imputing incomes in the top with a lower income, they tend to decrease inequality measures; and two, by introducing income dispersion at the middle of the distribution (an area with relatively less income dispersion than at the top), they tend to increase inequality coefficients. as income missingness increases the second effect dominates the first one, producing an overestimation of inequality coefficients. From an economic perspective, the results obtained from the simulations may be even more relevant than from a statistical perspective. incomes located at the top of the actual income distribution are difficult to capture by surveys, as the number of individuals in the population receiving such high incomes is extremely low. it thus becomes crucial not to miss income information from this group when its members are selected in the sample. the main reason is that high incomes have a comparatively larger effect on commonly used inequality measures, such as the Gini coefficient. 6 missing such incomes would cause an underestimation of inequality, influencing the social debate on it and any corrective policy. this problem (a sampling measurement error) has been documented, at least, in the latin american case. For instance, székely and Hilguert (2007) presents maximum incomes registered by many household surveys in latin america and they compare them with the wage of a typical firm manager. in 10 out of 16 countries analysed, the average of the 10 richest households' incomes was below the wage of a typical middle-sized national firm manager. in argentina, for instance, the average of the 10 richest households' 6 this is demonstrated by comparing the effect that the deletion of cases with missing incomes has on the Gini coefficient when considering incomes missing at the bottom of the distribution (part a of tables 4 and 5) vis-à-vis incomes missing at the top of the distribution (part a of tables 7 and 8).
income was 31% lower than the earnings of a typical manager. it is likely that errors of this kind are attributable not only to sampling errors, but also to underreporting of incomes at the top level. 
VI. CONCLUSIONS
this essay gives an idea of the magnitude and direction of the biases that could be introduced in the measurement of inequality when nonresponse is high. By using several well-known inequality coefficients, each of them sensitive to different dimensions of inequality, it has also been shown how different patterns of missingness can affect such coefficients. the results of the simulations show that all the correction methods considered impute missing incomes with error, which can be large in certain cases and under certain conditions. they also show that in the presence of high nonresponse rates the election of a particular correction method/coefficient could significantly alter the inequality panorama obtained. in the case of nonresponse rates varying in time (or patterns of nonresponse changing in time) it is even possible to obtain inequality estimates that reflect such changes in nonresponse rates (or patterns of nonresponse) rather than in the true inequality situation.
unfortunately, the simulations show that none of the correction methods considered provide accurate estimates for all the inequality coefficients under all the different patterns of missingness considered. instead, they show that the use of some methods is not a good idea. For instance, the simple deletion of individuals, the most usual practice in empirical studies, can be a bad strategy unless missingness is randomly allocated across the distribution. if this is not the case, removing individuals from the sample may introduce biases in the measurement of inequality. in such a situation, the use of ols methods to impute missing incomes (the other preferred method in empirical studies) should also be avoided as this methodology decreases the income variability of imputed incomes and, consequently, may underestimate overall inequality. in this respect, ols methods should be used with random errors. in the context of the simulations performed in this essay, random ols proved to be superior to standard ols in the vast majority of the cases (22 out of 24 cases).
this result suggests that when analysing inequality from data sets containing a significant proportion of missing incomes (such as the argentinian case) two issues should be considered. the first one is the correct gauging of the pattern of missingness followed by the data. additional information coming from administrative or tax records should be used whenever possible (as in atkinson and micklewright, 1983, for instance), to find out the pattern of missingness, as knowing such a pattern would allow the imputation of missing incomes with a suitable method minimising the risk of obtaining biased inequality coefficients. if there is no secondary source of information from which to infer such a pattern (as in the case of argentina and most latin american countries), it should be estimated from the household survey itself. For instance, by estimating a reporting-decision regression, such as the one presented in section 3, it can be known if there exists a statistical relationship between the probability of income being missing and a set of explanatory variables that are completely recorded in such household surveys. in a case where this reporting-decision regression shows a non-ignorable pattern of missingness two-step regression methods or other imputation methods considering this pattern should be used to impute missing incomes.
the second issue that should be considered and that is especially relevant in cases when there is no certainty about the specific pattern of missingness, is the inequality coefficient used to measure inequality. as is clear from the results obtained, the Gini coefficient is relatively less affected by contamination due to nonresponse and its correction. other coefficients, such as the theil or the atkinson indexes, are relatively more vulnerable to contamination, as they can be measured with large errors if the correction methods do not impute incomes accurately in the part of the income distribution where these coefficients are sensitive. naturally, this imposes a cost on the characterisation that can be made on the distributive situation of a country, as several inequality dimensions cannot be measured as precisely with the Gini coefficient as with other indexes.
Finally, even when certain methods produce accurate inequality estimations, extreme care has to be taken with the inferences made in these situations. measures of overall inequality may be estimated accurately, but that does not prevent other aspects of inequality, such as subgroups inequality, from being distorted by the use of particular correction methods.
